ABSTRACT Environmental factors have a strong impact on the satisfaction of mobile users. Thus, estimating the context of a session is key to evaluating the end-user experience in mobile network management. Such a context is mainly defined by user location. In most cases, user location is derived from network measurements in the absence of handset measurements. Unfortunately, the current geolocation techniques do not have enough accuracy to detect if the user was indoor or outdoor. In this paper, a data-driven statistical model is proposed to detect if a cellular connection is originated in an indoor location based on the traffic attributes of the connection. Unlike the state-of-the-art approaches, based on application-level data, the proposed model is developed by logistic regression on data from radio connection traces stored in the network management system. The model is tested with a large trace dataset from a live Long Term Evolution (LTE) network.
In the last years, technological advances have widened the spectrum of terminals and services in mobile networks [1] . This trend will continue in the future with new applications supported by 5G systems [2] . Such diversity will make it very difficult for mobile operators to manage their networks. This fact has stimulated the research on the automation of mobile networks, referred to as Self-Organizing Networks (SON) [3] .
In parallel, customer experience management has become a key process in network management [4] . In a global market where most operators offer similar networks and services, Quality of Experience (QoE) has become a key differentiating factor amongst network providers. Thus, network management processes have been rearranged to substitute the legacy network-centric approach by a more modern user-centric approach. Likewise, in future 5G systems, strict
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The environment where communication takes place has a strong influence on user expectations. For this reason, estimating the context of a session is key to evaluating user experience in mobile network management. Examples of contextual factors are terminal type, age, gender, previous experiences, time of day and location [5] . In particular, user location plays a fundamental role, as it determines the demanded services, the link conditions or the expected service performance [6] . Thus, a precise estimation of user environment is critical for evaluating his or her experience.
Nowadays, mobile networks include very sophisticated user positioning methods based on the terminal or the network [7] . Assisted Global Navigation Satellite System (A-GNSS)-enabled terminals can determine user position outdoors within meters in seconds at the expense of increased battery consumption. Alternatively, user position can be derived by the network from Cell IDentity (CID), uplink Timing Advance (TA) and Angle of Arrival (AOA) (a.k.a. enhanced CID, E-CID), or multilateration techniques based on Time Difference Of Arrival (TDOA) or distance estimates from Received Signal Strength (RSS) measurements [8] . Likewise, fingerprint-based localization methods capture signatures that are matched against a set of geotagged signatures to identify a device location [9] . These techniques, initially designed to locate the user on a 2D plane, have been extended with the introduction of 3D MIMO technology for 3D indoor scenarios [10] . However, despite the fact that all positioning methods work in real time, the information registered for network management purposes is very limited. Such an issue was partly solved by the Minimization of Drive Test (MDT) [11] feature, by which operators can request users' equipment to report back radio measurements along with location information. Unfortunately, MDT is rarely activated for all users and continuous in time, causing that anonymous call traces provided by network equipment [12] often lack detailed location information. Thus, network re-planning and optimization has to be done based on traces geolocated by E-CID, with location errors of hundreds of meters, which is excessive to estimate the context of the communication.
With new context-aware applications, the interest of detecting the indoor activity of a user has grown significantly. Such information can be used to improve usability by changing interface settings (e.g., screen brightness, audio volume. . .), save power by turning off unnecessary sensors (e.g., A-GNSS indoors, WiFi outdoors) or improve positioning by selecting the best location method (e.g., A-GNSS outdoors, WiFi-based fingerprint indoors) [13] . Legacy approaches for indoor detection rely on positioning the user with enough accuracy to locate him/her inside a building on the map. However, A-GNSS positioning is not accurate indoors due to weak satellite signal, and WiFi-based methods have shown to be unreliable for isolating indoor and outdoor environments [14] . A naive (and inaccurate) method to isolate indoor activity is based on detecting the lack of GNSS signal [15] . The integration of multiple sensors on smartphones has brought better methods for this task. A first group of schemes based on continuous sensing improves the accuracy of positioning by combining the signals from GNSS receivers and inertial sensors (e.g., accelerometer, compass and/or gyroscope) [16] [17] [18] . A second group of schemes analyze the environment with alternative sensors, such as a temperature sensor [19] , camera [20] , geomagnetic sensor [21] , light sensor [10] or microphone [22] . Hybrid methods have also been proposed to combine information from different receivers and sensors at the terminal. In [10] , indoor detection is carried out by a Hidden Markov Model aggregating the information from a light level sensor, geomagnetic sensor and cellular RSS measurements. A similar method is proposed in [23] for indoor detection from accelerometer and cellular/WiFi RSS measurements. Data aggregation can be done more effectively by machine learning (ML) [10] , [24] , [25] . In [24] , activity recognition is carried out by combining data from several on-body sensors by ensemble learning. In [25] , several ML classifiers are tested to isolate open outdoor, semioutdoor, light indoor and deep indoor environments based on RSS measurements from four cellular base stations. With a more limited scope, a ML algorithm is proposed in [26] to detect if a user is inside or outside a particular building based on WiFi RSS measurements. All these methods, based on supervised learning, rely on the availability of a large set of labeled cases to train and validate the classification model.
In [13] , it is shown that adapting the classifier to new environments and devices is essential to achieve robust indoor detection. For this purpose, a semi-supervised learning algorithm based on co-training [27] is proposed to use unlabeled data for improving indoor detection. More importantly, many of the above methods use data that is only accessible to the application layer, which is therefore not available for the network operator. To the authors' knowledge, no previous study has checked if indoor activity can be detected from traffic features in the radio network layer.
In this paper, a semi-supervised learning algorithm is proposed to estimate the probability that a particular connection was generated indoors based only on measurements in radio connection traces. For this purpose, logistic regression is performed on a subset of relevant indicators in traces selected by a feature selection algorithm. Unlike classical approaches, the set of labeled cases providing the ground truth is not obtained a priori, but it is generated from the dataset itself. Note that labeled cases are not available for operators due to the lack of an automatic indoor/outdoor classification scheme. Traces currently geolocated by E-CID do not provide enough accuracy to locate the user indoors, and automatic testing with a user terminal agent would not reflect the traffic pattern generated by a real user. Even if a precise geolocation method is available in the future, the associated measurements would be rarely stored in the network management system, which prevents operators from using them in network management. To circumvent the need for real labeled cases, a methodology is proposed here to artificially generate labeled cases by checking the land uses within each cell service area on a map. Unlike previous works, the resulting set of cases covers a large geographical area (the whole network) and can be easily updated periodically. Model assessment is carried out based on a large set of maps and connection traces from a live Long Term Evolution (LTE) network. The rest of the paper is structured as follows. Section II outlines the methodology to generate labeled test cases from land use maps. Section III explains the regression model used to estimate the probability that a connection was generated indoors based on radio connection traces. Section IV shows the results of the regression model built on data collected in a live network. Finally, section V summarizes the main conclusions of the work. Fig. 1 shows the methodology adopted in this work. The aim is to build a model that estimates the probability that a particular connection was generated indoors based on its attributes of the radio interface (referred to as Key Performance Indicators, KPI). To train the model, it is necessary to establish the relationship between the primary use of land (i.e., land use) where the connection took place and connection characteristics. For this purpose, two data sources are used: a) the map of land uses and b) the information registered in radio connection traces. The map consists of a raster (i.e., grid-based data) representing the business activity of each small piece of terrain (tile). This data is publicly available from open data initiatives fostered by institutions (e.g., local municipality) or crowdsourcing (e.g., OpenStreetMap [28] ). Radio connection traces are log files generated by base stations, which are periodically uploaded to the mobile network management system. These data are delivered as binary files that must be decoded to extract connection measurements, I i (k), where k refers to the connection under analysis, and I i refers to the i th indicator calculated for such connection k.
II. ANALYSIS METHODOLOGY
To establish the relationship between land uses and KPIs, both data are aggregated on a cell basis. In this work, a cell is the set of pixels in a map representing the geographical area served by a base station. By classifying land uses in indoor and outdoor uses, an indoor land use ratio, R LU indoor (c), is computed per cell c. Such a ratio gives a measure of the share of connections generated indoors in that cell c, R k indoor (c), which is an estimate of the probability that a connection k is generated indoors in the cell, P indoor (c) (hereafter, indoor probability for short). From this data, a supervised learning algorithm (explained later) is used to find the best model to map cell-level KPI statistics, I i (c), and indoor probability, P indoor (c). Such a model is then used to map connection KPIs, I i (k), into indoor probability of a connection, P indoor (k). The following paragraphs describe the steps followed to obtain reasonable estimates of the share of indoor connections in a cell, R k indoor (c).
A. STEP 1: ESTIMATION OF CELL/RING SERVICE AREA
Since exact user location is not known, the shape of a cell on the map has to be approximated. In live networks, cell radius varies drastically, ranging from hundreds of meters to tens of kilometers. In this work, cells are represented by a circle in omnidirectional sites and a sector in multi-sectorized sites, whose radius is derived from TA statistics. Specifically, cell radius is computed as the 90 th percentile of the TA distribution of connections in the cell. Such a setting aims to consider only TA rings with seamless coverage from a cell. Thus, the farthest TA rings of a cell, which tend to serve a discontinuous area due to cell overlapping, are discarded. Note that including the latter might introduce some bias in the land use statistics from pixels in the TA ring served by other cells.
For convenience, the cell service area is divided into rings of 78 meters, corresponding to the bin width of TA histograms in LTE. Then, cell/ring areas are represented by a binary mask showing pixels served by the cell/ring.
B. STEP 2: ESTIMATION OF LAND USE AREA PER RING
The number of pixels of a certain land use per ring is estimated by superimposing the ring area mask with the land use map. Fig. 2 shows an example of this process. The figure on the left shows the position (dot) and azimuth (arrow) of the antenna of the serving base station on the map. The area covered by a tri-sectorized cell is represented by a sector (light shadow) and the fourth TA ring in the cell is represented by an annulus (dark shadow). The geometric figure on the right shows the portion of the land use map below the ring, where each land use is represented by a different color. VOLUME 7, 2019 For clarity, the number of pixels per land use in the ring is also shown.
C. STEP 3: ESTIMATION OF EFFECTIVE LAND USE RATIOS PER CELL
The indoor connection ratio per cell can be roughly approximated by the share of pixels of indoor land uses in the cell (i.e., indoor area ratio). However, such an estimate does not consider that traffic is not evenly distributed within a cell. On the one hand, some TA rings serve more connections than others, so that their indoor area ratio should prevail when computing cell-level statistics. Likewise, some pixels within a ring tend to serve more connections than others depending on land use. For this reason, it is important to avoid the bias on the indoor/outdoor classification introduced by large geographical areas with low traffic volume.
To account for the difference between pixels, a connection density per land use, β LU n , is estimated, showing the average number of connections per time unit and tile for each land use n (i.e., n ∈{paths, residential, services,. . .}). To this end, an over-determined linear equation system is formulated, relating the total number of connections per cell c, N conn (c), to connection densities,β LU n , and number of tiles per land use in the cell, N tile (LU n , c), as
The system in (1)-(2), including as many equations as cells and land uses, and as many unknowns as land uses (β LU n ), can be solved as a constrained optimization problem by minimizing the sum of squared error under the constraint that all densities are positive. Then, null densities, associated with less frequent land uses, are refined by using partial regressions over a subset of cells with the largest share of those land uses. To account for the uneven traffic distribution among rings, a traffic weight per ring r in cell c, ω(r, c), is computed as
where N conn (r, c) is the number of connections in ring r and cell c, taken from TA measurements. Finally, the effective indoor connection ratio (as opposed to the indoor area ratio) is computed per cell as
where N tile (LU n , r, c) is the number of pixels of land use n in ring r of cell c. As explained above, the resulting ratio is used to approximate the indoor connection probability, P indoor (c), which is the dependent variable in the model.
III. MODEL CONSTRUCTION
This section is devoted to the regression model. First, the input key performance indicators derived from radio connection traces are explained. Then, the basics of logistic regression are introduced. Finally, feature selection is discussed.
A. TRACE DATA
A cellular network generates a vast amount of information in the form of alarms, counters and traces [29] . Counters consist of aggregated statistics of network performance. In contrast, traces consist of log files with events from control interactions generated by common procedures (e.g., call/session setup and release) or advanced network automation functionalities (e.g., load balancing). In the past, such very detailed information was only used for troubleshooting purposes. With recent advances in big data analytics, traces have become an extremely valuable asset for network optimization. Recorded events can be external and internal. External events consist of standardized signaling messages that base stations exchange with other network elements. Internal events include vendor-dependent information about the performance of the base station. Likewise, events can be periodical (time triggered) or non-periodical (event triggered). All these events are registered in files generated by the base station and periodically sent to the Operations Support System. Then, trace files are synchronized and decoded by a trace processing server.
In this work, several KPIs reflecting the behavior of users and network elements are computed on a per-connection basis from measurements in traces. Table 1 summarizes the set of KPIs pre-selected a priori. A brief description of the less intuitive ones is included below. The reader is referred to [30] for a more detailed explanation of KPIs. Unless stated otherwise, all indicators are computed in uplink (UL) and downlink (DL).
TRANSMISSION CONTINUITY RATIO
This indicator reflects the continuity level (i.e., the lack of burstiness) of the data transmission in a connection k, as
where ActiveTime(k) is the time when there was data in the buffer to transmit and T RRC (k) is the Radio Resource Control (RRC) connection time in connection k, both in seconds. Therefore, continuity ratio is close to 1 when transmission has no interruptions, or near 0 when transmission is extremely bursty.
LAST TTI VOLUME RATIO A last Time Transmission Interval (TTI) is a TTI in which the user transmission buffer is emptied. Note that, in a connection with bursty data, the number of last TTIs is larger than 1. Consequently, the last TTI volume ratio is defined as
where LastTTIsVol(k) is the data volume transmitted in last TTIs and TotalVol(k) is the total transmitted data volume in connection k. Such a ratio gives a hint of the discontinuity of the transmission.
LINK DIRECTION RATIO
This ratio gives information about the main direction of the communication by computing
where DataVol UL (k) and DataVol DL (k) are the data volume in UL and DL, respectively. Therefore, this ratio tends to 1 if most data is transmitted in UL, and 0 if DL prevails.
POWER ESTIMATION ERROR
This error measurement is the difference between the Reference Signal Received Power (RSRP) measured by terminal against that estimated by the Okumura-Hata model, as
where RSRP meas is the RSRP reported by terminal and RSRP est (d(k) ) is that estimated from the distance to the serving base station, d k , derived from TA statistics for the connection k.
B. REGRESSION MODEL
A regression model is built to estimate the indoor connection probability on a cell-by-cell basis from connection KPIs.
The aim of the regression analysis is: a) to find the minimum combination of indicators that accurately estimate the indoor connection probability, and b) to calculate the regression coefficients.
As explained before, the indoor connection probability (dependent variable) is approximated by the indoor connection ratio. As this ratio ranges from 0 to 1, a logistic regression model is selected. Logistic regression is a generalized linear model [31] that reflects how a binary response variable (in this case, whether a connection is indoor or outdoor) depends on a set of explanatory variables (connection KPIs). With this aim, a log transformed version of the odds (i.e., the ratio of the probability of the connection being indoors against being outdoor) is estimated by a multiple linear regression, as
where β i is the regression coefficient for KPI I i , I i (c) is the average value of KPI I i for connections in cell c, and P indoor (c) and R k indoor (c) are the indoor connection probability and the calculated ratio of indoor connections in the cell, respectively. Then, the regression coefficients resulting from the cell level analysis will be applied to estimate the indoor probability on a connection basis as
where index k denotes a particular connection and N i is the number of variables (KPIs) in the model.
C. FEATURE SELECTION
Decreasing the number of variables in a regression model reduces computational load, speeds up the learning process, improves generalization capability and makes interpretation easier. In this work, feature selection is carried out by the recursive feature elimination method described in [32] . The process starts by performing regression with all variables and ranking the features based on their p-values, which reflect the probability that each regression coefficient is zero [33] . Then, the least relevant variable (that with the largest p-value) is eliminated, obtaining a simpler model at the expense of model accuracy. This step is repeated until model accuracy decreases below a certain threshold (typically, when the determination coefficient, R 2 , of the simplified model is 0.1 lower than that of the full model).
IV. MODEL ASSESSMENT
The proposed regression model is evaluated with a large dataset of connection traces taken from a live LTE network. The experimental methodology is first described and results are presented later. 
A. ANALYSIS SET-UP
The considered scenario covers a geographical area of 125 km 2 , corresponding to the metropolitan area of a city with 800,000 inhabitants. This area is divided into tiles of 10x10 m 2 . The main land use of each tile is obtained from open data provided by the municipality. Fig. 3 shows a pie chart with the share of each land use in the scenario. Outdoor land uses are represented with dashed edges, while indoor uses are with continuous edges. A brief description of land uses is provided in Table 2 . The analyzed area comprises 400 LTE cells of a single network operator, grouped into 175 tri-sectorized sites, with a carrier frequency of 2.325 MHz and 15 MHz of system bandwidth. In these cells, trace collection is activated for 2 hours, during which 236,357 connections are established. Table 3 shows the connection density per land use n, estimated from the number of connections and land use ratios computed per cell, as in (2) . As expected, it is observed that connection density is higher in offices, services and paths.
The logistic regression model is trained and validated with traces from the 400 cells. To gain insight into trace data, Table 4 presents the minimum, average and maximum values of the selected KPIs across all connections in the dataset.
B. RESULTS
For clarity, model construction is illustrated first, discussing some intermediate results obtained with the training set. Then, model assessment is discussed later, based on the results with the validation set. Recall that the model cannot be compared with classical indoor activity detection methods, based on application-level data, since this information is not available in datasets collected by cellular operators. Note that even if a measurement campaign is performed with a set of geolocated users, it would not cover all possible traffic and propagation conditions in the network dataset used in this work.
The set of cells is divided in two groups for training and validation purposes. The training set includes 80% of the cells (320 cells) and the validation set includes the other 20% (80 cells). Both sets are randomly selected, sharing the same spatial distribution of cells. An important limitation of the analysis is the lack of real labeled cases. Note that only passive measurements are taken (i.e., no geo-tagging of connections is done a priori), and E-CID or RSRP-based methods used later during trace processing do not have enough accuracy to locate a user indoors. Thus, the only means to generate real cases a posteriori is to find cells (or rings) covering only indoor or outdoor land uses. A closer analysis shows that there are very few cases of cells (or rings) covering only outdoor areas, but none covering only indoor areas. In the absence of real labeled indoor/outdoor connections, model assessment is based on the goodness of fit of trace-based and map-based ratios in the validation set, measured by the sample determination coefficient, R 2 . Fig. 4 shows a scatter plot of the indoor connection ratios computed from the land use map versus those derived from traces with the logistic regression model with all variables (26 KPIs). Each point corresponds to one of the 320 cells in the training set. It is observed that the model captures the general trend, but its accuracy is not high (i.e., R 2 = 0.435). A closer analysis (not shown here) reveals that this lack of fit is partly due to errors in the map-based ratios caused by large deviations in connection densities (i.e.,β LU n ) within the same land use class. For instance, population/connection density is not the same in all tiles classified as residential, as building height is completely different in city downtown and suburbs.
1) MODEL CONSTRUCTION
To circumvent the above problem, an iterative outlier detection process is executed based on the algorithm proposed in [34] . In each iteration, those samples (cells) classified as outliers on the top (overestimated cells) and bottom (underestimated cells) are removed from the dataset, until no outliers are detected. As a result, three groups of cells are VOLUME 7, 2019 FIGURE 6. Trace-based indoor probability percentiles vs. map-based indoor connection ratio (full model, 3 groups).
FIGURE 7. Significance of features for each group of cells (full model).
created: a first group with cells estimated correctly, a second one with underestimated cells and a third one with overestimated cells. Then, a different regression model is derived for each group. Fig. 5 evaluates the goodness of fit of the logistic regression model built on a per-group basis by comparing mapbased and trace-based indoor connection ratios in each group. As expected, both ratios match better than with the single model, resulting in higher determination coefficients (R 2 group1 = 0.857, R 2 group2 = 0.993 and R 2 group3 = 0.786, compared to R 2 = 0.435 for the network-wide model). The resulting models, derived from cell-level statistics, can be used to compute the indoor probability for each connection independently based on its KPIs. Fig. 6 shows the results of the three models when executed on a per-connection basis. In each subfigure, the three curves show the 5 th , 50 th and 95 th percentile of the distribution of indoor probability values computed on a connection basis for cells in each group. Each cell is represented by 3 points (1 per curve) aligned vertically with abscissa equal to the map-based indoor ratio in the cell. For clarity, points in each curve are connected by a line segment. By observing the 50 th -tile curve, it is confirmed that the three models tend to give more connections with a high probability of being indoor in cells with a higher map-based indoor connection ratio. Likewise, the 5 th and 95 th -tile curves show that, in cells with a high map-based indoor connection ratio, some connections are still given a low indoor probability. This fact gives evidence that the model is segregating connections based on their KPIs.
To check the significance of input variables, Fig. 7 shows the p-values of each KPI in the full model of the 3 groups of cells. The mean, maximum and minimum p-values across the 3 models are also represented. To aid analysis, KPIs on the x-axis are sorted by their mean p-value across groups (the lower, the more significant). By comparing the curves of groups 1-3, it is seen that each group of cells has its own relevant KPIs, which justifies the need for separating in groups. By focusing on the mean p-values, it is concluded that the most relevant indicators a priori are the DL transmission continuity ratio, the UL spectral efficiency, the average CQI in rank 2, the percentage of power limited measurements and the power estimation error. Fig. 8 shows the loss of fit experienced by reducing the number of variables in the regression models. It is seen how decreasing the number of KPIs from the 26 in the full model to 7 in the 1 st and 2 nd groups and to 11 in the 3 rd one, the loss of accuracy is still limited. Specifically, R 2 = 0.794, 0.908 and 0.713 in the simplified models, compared to 0.857, 0.993 and 0.786 of the full models in the 1st, 2nd and 3rd groups, respectively. Table 5 breaks down the results of the regression analysis with the simplified models. The table includes the 13 most relevant connection features in the three groups, together with the value of their regression coefficient,β i standard deviation, sβ i , Student's t statistic, T, and p-value, P. By analyzing the latter, it is inferred that the most important indicators are the DL transmission continuity ratio, the power estimation error, the percentage of UL power limited measurements reported by terminals, the UL spectral efficiency and the percentage of measurements in Rank 2.
To check the behavior of the simplified models, Fig. 9 compares the indoor connection ratios per cell obtained with the simplified models against map-based values. Likewise, Fig. 10 shows percentiles of the indoor probability distribution of cells in each group obtained with the simplified models. It is observed that the simplified models behave as the full models in the three groups.
2) MODEL ASSESSMENT
Once the models are built with the 320 cells in the training set, the resulting models are tested with connections originated in the 80 cells in the validation set. Fig. 11 shows different percentiles of the indoor connection probability distribution in cells of the validation dataset. From the figure, it is concluded that the three models result in distributions of the indoor connection probability that are consistent with the map-based indoor ratios. The largest deviations are observed in Group 3, mainly consisting of cells with low indoor ratios (open areas). This is possibly due to errors in map-based indoor ratios, caused by inaccuracies in estimated connection densities of unpopulated land uses (e.g., open space).
The analysis of residuals (not shown here) confirms the goodness of the proposed logistic regression models. The Koenker-Basset discards heteroscedasticity in the 3 groups, giving evidence that residuals do not depend on the value of KPIs (i.e., homoscedasticity). Even if the Shapiro-Wilk test, used to check that residuals have a normal distribution, gives satisfactory results in only 1 model, a closer analysis of the distribution of residuals in the other groups shows an almost normal distribution. Likewise, cross-validation, performed by repeatedly splitting the cell dataset into different training and validation sets, confirms that the resulting regression models do not change significantly.
C. IMPLEMENTATION ISSUES
To develop the proposed data-driven statistical method, some previous work is needed, including the collection/preprocessing of traces and construction of the map of land uses. 
V. CONCLUSION
In this paper, a data-driven model has been proposed to detect if a particular connection is originated in an indoor location based on attributes collected by the mobile network for each connection. The model is developed by logistic regression on data from radio connection traces stored in the network management system. Even if the model is derived from data aggregated on a cell basis, the model can be executed on a connection basis, giving different indoor probabilities for connections in the same cell. The model has been tested with a large trace dataset from a live Long Term Evolution (LTE) network.
Results have shown that the indoor connection ratios obtained with the proposed trace-based model are consistent with map-based indoor ratios derived from land uses on a cell basis. This points out that the accuracy of the model is enough to explain the indoor/outdoor context for each connection in most cases. Nonetheless, large deviations are observed in isolated cells, which might be due to errors in connection densities estimated for some land uses.
The analysis of model variables has confirmed that pilot power-related measurements are those indicators best showing that a connection may have been originated indoors. Moreover, it has been shown that UL measurements, such UL spectral efficiency and UL power-limited ratio, are valuable indoor indicators. Unexpectedly, results have shown that, even if some service-related indicators (e.g., traffic continuity ratio) may help to detect indoor connections, other more meaningful indicators (e.g., UL link ratio) are irrelevant in most of the groups. Thus, there is no clear evidence that user indoor/outdoor location determines the type of services demanded by the user. This might be due to the coarse granularity of the dataset used to build the model (time-advance annulus level).
Models developed in this work are not conceived as a substitute for application-layer indoor activity models, but as an alternative that allows network operators to make the most of existing trace datasets. These can be used in measurementbased network re-planning to improve the accuracy of geolocation algorithms by locating the user in indoor/outdoor tiles on the map depending on connection features. Once derived, the low computational complexity of the regression model makes it easy to integrate in radio planning tools.
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